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MODIFIED HILBERT HUANG TRANSFORM FOR DATA ANALYSIS AND
ITS APPLICATION TO VIBRATION SIGNALS

SUMMARY

The Hilbert Huang Transformation, which is an enggir method currently and
known as an efficient method in analysis of nonist@ary and non-linear signals due
to its data-driven nature, constitutes the bagsishis thesis. Within the thesis:

e Attributed fundamental concepts of data analysesbaiefly mentioned,

* The original Hilbert Huang Transformation is presehwith attribution to
various studies,

* A new algorithm, which concerns modifications ire tformulation of the
local mean approximation and adjustment of boundahyes, is proposed,

* Frequency resolution capabilities of the originalnda modified
transformations are presented comparatively ovalyais of a deterministic
signal,

* Vibration signals acquired from an electric motatich is subject to an
experimental accelerated aging process, are armhlyitl:

0 The Fourier Transform,

0 The Continuous Wavelet Transform,

0 The Hilbert Huang Transform, and

o The Modified Hilbert Huang Transform.

The first and general justification to include tBentinuous Wavelet Transformation
in this study is, its theoretical completeness. $heond and particular one is, the
original and published results obtained in analygebe mentioned vibration signals
with the Continuous Wavelet Transform.

The major impacts of the proposed modificationstia algorithm are increased
resolution in identification of intrinsic frequemes and reduction in number of
iterations to identify them, respectively.

Planned future work is stated with justificationghe conclusion part of the thesis.
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DEGISTIRILM IS HILBERT HUANG DONU SUMU iLE VERT ANAL izi ve
TIiTRESIM SINYALLER INE UYGULAMASI

OZET

Veri uyarlamall dgasi sebebiyle dgusal ve durgan olmayan sinyallerin analizinde
etkinligi ile bilinen ve halihazirda tamamen deneysel bintgm olan Hilbert Huang
DonGsim, tez cabmasinin temelini okturmaktadir. Tez ¢caimasinda:

« llgili temel veri analiz kavramlarina kisacagiglmis,
* Cssitli calismalara atif ile 6zguin Hilbert Huang D&iint tanitilimg,

e DOnGsimUn yerel ortalama yakdaninin ve sinir dgerlerinin deistiriimesine
donuk yeni bir algoritma onerilmgi

* Deterministik bir sinyalin analizi Uzerinden 0©0zguae deistirilmis
dontgimlerin frekans ¢ozundrgii kagilastirmali olarak sunulmy

* Deneysel hizlandiriingi yaslandirma sdrecindeki bir elektrik motorundan
alinan titrgim isaretleri,

o Fourier Dongumu

o Surekli Dalgacik Dongiimu
o Hilbert Huang Donglimu ve
o Degistirilmis Hilbert Huang Dongiima ile analiz edilngtir.

Tez calgmasinda Sirekli Dalgacik Dogiimu'ne yer verilmesinin ilk ve genel

gerekcesi, teorisinin tamamen belirli olmasitkinci ve 6zel gerekce ise bahsi gecen
titresim isaretlerinin Sdrekli Dalgacik Dogimu ile analizlerinde elde edilen ve
yayinlanan 6zgun sonuclardir.

Algoritmada 6nerilen dgsikliklerin ana etkileri, icsel kip tanimlamada arthekans
¢c6zunarligh ve yineleme sayisindaki anlamli azalmadir.

fleriye doniik cakmalar, tezin sonug béliminde gerekceli olarak tiledistir.
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1. INTRODUCTION

The Hilbert Huang Transform is a technique that beein developed by Prof. Huang
to address time frequency analysis of nonlinear aod-stationary data and
appreciated as one of the most important discovéyeNASA in the field of applied

mathematics in its history [1].

The technique, consisting of two phases, first explthe “Empirical Mode
Decomposition” (EMD) which is supposed to yield initt number of “Intrinsic
Mode Functions” (IMF) constituting the componentsttee analyzed signal. In the
second phase, Hilbert Transforms of the IMFs aleutated. Well derived IMFs that
satisfy the definitive conditions can be expectedatimit well behaved Hilbert
Transforms. The result is designated as the Hikgettrum and presents an energy-
frequency-time distribution that does not includey anathematically generated

spurious content as the FFT does [2].

With the innovative IMF definition, the data is l&t provide the basis for the
decomposition. The release of requirement for arphasis function definition [3]

makes the technique adaptive and suitable for aisaby non-stationary signals.

In addition, the technique breaks through the htoin of the uncertainty principle
inherited in the Fourier Transform pairs, or Foutige of transform pairs such as
the Wavelet transform [4].

With regards to the briefly stated features abaes technique has attracted
enormous interest and has been applied to varimas asuch as vibration signals,
financial time series, physiological data, geoptsisidata, climatologic data,

oceanographic data, etc.

The effectiveness and success of the techniquetai®ds in the literature in
comparison with the methods such as FFT and WavVedgisform. Nevertheless, the

technique still includes outstanding problems fopiovement.



1.1 Purpose of the Thesis

The thesis is a forward step taken, for the schgtaup led by ProfSeker, in the
analysis of vibration data acquired from an elecmotor subject to an aging
process. For the specifications of the proces$]®an be referred. In the previous
studies of the group, the data was subject to uaramalyses whose results were
presented as articles and theses. The importaettsspf the results obtained with
Wavelet Transform during the studies are preseintéiae related section to establish

the reference for benchmarking.

Development of thorough understanding and softwdrédHT technique for the
analysis of the vibration data is the first of twe main objectives of this study,
whereas, the presentation of improvement propasaiserning the HHT technique

and obtained results is the second.

1.2 Background

As the systems get more complicated and expensihedemand for high reliability
and precision, the significance of condition moniitg, feature extraction and fault
diagnosis techniques increases, making the sigraysis indispensable. The subject
signals and the signal processing methods varyeftlesless, machine vibration data
is one of the most widely used signal for conditraonitoring [7]. The conducted
studies estimates that more than 50% of the falare mechanical in nature, such as
bearing, balance and alignment related problems T8f analyses of vibration
signals also showed that the state and conditiosysfems can be identified in
association with characteristic frequencies. Asgample, the bearings, which are
the biggest single cause of motor failures [8, ddnerate vibrations of particular
frequencies as they get degraded or even they ar-fifee [8, 10]. And the
processing methods employed in the analyses caatbgorized with respect to the
domain of the representation such as time domasguéncy domain, and time-
frequency domain. Articles including general assesgs of the methods as well as
particular applications of time domain methods sashRoot Mean Square (RMS),
Skewness, Kurtosis, Crest Factor and frequency olom&thods such as Fourier
Transform, Power Cepstrum, Denoising can be founthe literature. In a review,

which had considered the condition monitoring afimg element bearings using



vibration analysis, the frequency domain parametgese found to be more
consistent in the detection of damage than timeadlorparameters [11]. However,
with sufficient evidence, it was concluded thatwibuld be unreliable to depend

exclusively on any one technique to detect beatargage.

Joint analysis of time and frequency to identife #nergy distribution constitutes
another alternative in the toolbox of signal aniglysThe Short Time Fourier
Transform (STFT), Wigner-Ville Distribution and Welet Transforms are some of
the time-frequency analysis methods. Of those nusth@/avelet Transform is the

most widely used one for bearing fault diagnosjsiij.

1.3 Hypothesis

EMD method of HHT can produce IMFs with better fregcy resolution and this
can be achieved by modifying the local mean appnation and boundary values.

Performance of the method can be verified by syrlaad actual vibration data.






2. DATA ANALYSIS

A brief knowledge on the attributes of data analysichniques and their properties

are given as follows.

2.1 Objectives

In its evolutionary track to be synthesized as Kieoge, data represent the glimpse
of reality acquired including some imperfectionghi. Exclusion or mitigation of
the imperfections and extraction of information @he inevitable parts of data
analysis. Put on the agenda by the Chaos ThearyBiltterfly Effect” explains the
demolishing effect of negligence and emphasizesngessity of precision in the
analysis. With the motivation to be precise and&in compliance with reality,
scientific research concerns the invention of betteethods and practical
applications, hence validation, of the proposedhaws. In accordance with the

perspective stated above, data analysis servepurposes [2]:
» Determination of the parameters needed to congtneatecessary model,
» Validation of the constructed model to represeatghenomenon.

Prominent source of data are the non-stationamniby-linearity, noise effects and
data span. And in association, the difficultiesagning the methods are adaptivity
and locality. Also, resolution in both time andduency appears as an inevitable

requirement. In the following sections, these tepidl be dealt briefly.

2.2 Stationarity

Stationarity is a concept that implies whetherdtadistical descriptors, the moments,
of a time series varies with respect to time or has a general requirement for most
of the available data analysis methods. Accordinthé traditional definition, a time

seriesx(t), is stationary in the wide sense, if, fortall2.1)-(2.3)are satisfied.

E(Ix(®)?*]) <o (2.1)



E(x(t)) =m (2.2)

C(x(t),x(ty)) = C(x(ty + T),x(t, + 1)) = C(t; — t3) (2.3)

In which E(-) is the expected value defined as the ensemblageaf the quantity,
andC(+) is the covariance function. Stationarity in the wigmse is also known as
weak stationarity or second order stationarity. ifet series,x(t), is strictly
stationary, if the joint distribution df(t,), x(t,), ..., x(t,))] and [x(t, + 1), x(t, +

1), ..., x(t, + 7)] are the same for ai] andr. Thus, a strictly stationary process with

finite second moments is also weakly stationary the inverse is not true [2].

As a result of finite data span, these values rteede estimated. The first four
moments of a time series are the mean, covariaskewness and kurtosis,
respectively. For a given data 4et} the estimates of the moments are defined by
(2.4)-(2.7)and these statistical parameters maybe used torpea quick check of

the changes in the statistical behavior of a siffiit

1% moment:
N
1
p=2x (2.4)
=1
2" moment:
L5 2 2.5)
o= |[— X; — .
Nzizl( = 1)
3 moment:
1 N _ 3
o= [N i=1 (i — 1) ] (2.6)
0-3
4™ moment:
1 N 4
I = [N i=1 (i — ) ] 2.7)
0—4



Besides the others, the Kurtosis can be used asnaladone bearing condition
indicator. Because, the vibration data of a healbd®aring exhibit a normal
distribution whereas damage of the bearings caesé&eguness in the probability
distribution of the data [10, 13].

2.3 Linearity

An operatorA is said to be linear if, for any set of admissidduesx;, x,, x3, ..., Xy

and constants,, a,, as, ..., a,, (2.8)is satisfied [14]:

N N
Z aixi] = Z a;Alx;] (2.8)
i=1 i=1

In words, the operation is both additive and homege's.

A

2.4 Locality and Adaptivity

The necessary conditions for the basis to represeminlinear and non-stationary
time series are summarized as [2]:

* Completeness: Guarantee of the degree of preciitihre expansion.

» Orthogonality: Guarantee of positivity of energylavoidance of leakage.

» Locality: Provides identification of all events the time of their occurences.

» Adaptivity: Local variations of the data are regatcand adapted to maintain
the decomposition fully account for the underlypigysics of the processes

and not just to fulfil the mathematical requirengefar fitting the data.

Locality and adaptivity are the necessary cond#tiéor the basis for expanding
nonlinear and non-stationary time series; The placof this basis construction is

based on the physical time scales that charactéwzescillations of the phenomena.

2.5Fourier Transform

For a signal or functiorf(t), the Fourier Transform is defined K§%.9) and the

inverse Fourier Transform to recover the signdlaction is defined by2.10)



F(w) = f f(De ietdt (2.9)

17 .
IGEF= f F(w)e/®tdw (2.10)

These two Fourier Transform equations are calldeébarier Transform pair. The
original function is in the time domaimn, which is transformed into the frequency
domain,w. The resulting transformed signal gives an indicabf the frequency
components that contribute to the original signhkew a spectral plot of amplitude
versus frequency is constructed. The functi(ih can be continuous or discrete;
however, the preceding definition for the Fourieadsform intrinsically assuméd)

to be continuous. The Discrete Fourier TransforrkPof a discrete signaif(t),
designated af, is defined by2.11)

N
1 _ .
F, = Nz fee M 2.11)
k=1

And the inverse Fourier Transform (:12)

=

-1

fk = F,e
0

ZTL'jnk/N (212)

S
1]

wheren andj are indices [15].

2.6 Wavelet Transform and Signal Decomposition

The wavelet transform is a tool that splits data uifferent frequency components,
and then each component can be studied with autesolmatched to its scale. The
use of the wavelet transform is efficient for fadithgnosis, since the technique gives

the information about the signal in the time arglfiequency domains.



The crucial aspect in wavelet analysis is the sele®f the basis function, in other
words the mother wavelet. The dependence of a prapes-frequency-energy
distribution to basis selection is one of the twajon disadvantages of Wavelet
Transform. The second disadvantage is that resoluti both time and frequency

cannot be provided.

The Continuous Wavelet Transform (CWT) of a sign@l) is defined by2.13)

CWT(a,r)z\/—l_ f x(t)¥; . (t)dt (2.13)
a

where¥*(t) denotes the complex conjugate of mother wav&(@) such that

a

W, () = \/ia w (t _ T) (2.14)

Parameters. andt are scale and translation indices which correspdndmutual

frequency and the time shifting, respectively.

2.7 Wavelet Packet Transform

The use of Wavelet Packets for Event Detection Vi*@n extension of Discrete
Wavelet Transform and can be obtained by a gemataln of the fast pyramidal
algorithm. Each detail coefficient vector is decasgd into two parts using the same
approach as in approximation vector splitting. Toeplete binary tree is produced

as shown in Figure 2.1.

We start withh(n) andg(n), the two impulsive responses of low-pass and biags
analysis filters, corresponding to the scaling fiorc and the wavelet function,
respectively. The sequence of functions is defime(?.15)and(2.16)[16]:

2N-1
W, (x) = V2 Z h(k)W, (2x — k) (2.15)
k=0
2N—-1
Woni (@) =VZ ) g(OWp(2x — k) (2.16)
k=0



where W,(x) = ¢(x) is the scaling function andl; (x) = ¥(x) is the wavelet
function. In other words, the three indexed fanolyanalyzing functions can be
reached by2.17)

W i (x) = 2792W, (27 x — k) (2.17)

k can be interpreted as a time localization paranaetdj as a scale parameté&¥; ,,

analyzes the fluctuations of the signal roughlyuacbthe positior2’/k, at the scale
2/, and at various frequencies for the different adibie values of the last

parametem[1]. The wavelet packets’ coefficients at each n¢gde) are given by
(2.18)

(Cn(K)) = (£ (), 277 2W, (277t — K)) (2.18)

Figure 2.1: Wavelet Packet Decomposition Tree.
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3. HILBERT HUANG TRANSFORM

In this chapter, the Hilbert Huang Transform igaduced as an alternative method
to the previously mentioned analysis methods sushFaurier and Wavelet

Transforms.

3.1 Objectives

Presentation of the listed subjects below constitiae objective of this chapter:
* HHT method and its conceptual components,
» Comparative analysis with FFT and WT,

* A brief survey concerning the essential featuregngproblems, some related

improvement proposals,

» A brief review of current applications and relatstessments.

3.2 Conceptual Components of the Method

As it will be presented throughout this chaptespite its deficiencies, analysis of a
signal with HHT is a relatively simple but effeaivmethod in comparison to its

widely used and analytically well developed altéinres FFT and WT.

The principle of exploiting a signal with complexaillations to reveal its intrinsic
modes empirically is the first of the two phasesh® method. Realization of this
pure principle is provided in a simple iterativegess of EMD. The decomposition
is followed by the time-frequency localization bktoscillations which is the second

phase of the method and achieved by the Hilbernsfoam.

These two conceptual components will be dealt enftlowing subsections with an
emphasis on the EMD since the Hilbert Transformaisnathematically definite

transform with the unique property of creating aalgtic function as the resultant.
But, in precedence of the two, the innovative cphaetroduced by the method and
the natural product of the EMD, the Intrinsic Mdéenction is defined.

11



3.2.1 Intrinsic mode function

A time series, collection of data samples, gengtialtlude oscillations particular to
the underlying dynamics of a system which resulinterlaced local extrema. The
oscillations may be around either a constant oryingr local mean with a

charasteristic time scale. The alternatives foinded a time scale may be:
* The time between successive zero-crossings [2,17];
* The time between successive extrema [2,17];
* The time between successive curvature extremal[2,17

The transform adopts the time lapse between sugeesgtrema as the characteristic

time scale and the two definitive conditions forHMre given as [2, 18, 19]:

I. The number of extrema and the number of zero argssnust either be equal

or differ at most by one in the entire data set.

ii. At any point, the mean value of the envelope defibg the local maxima

and the envelope defined by the local minima iszer

The implications of these conditions are symmetryvave profiles and local zero
mean, respectively. As the conditions are satisfieithin EMD process, an
oscillatory signal defining the basis function, tarar for the analyzed signal, will

be achieved and definition of a meaningful instaatas frequency will be enabled.

3.2.2 Empirical mode decomposition

The motivation behind the EMD approach is that #gignal is comprised of

coexisting oscillatory modes and can be decompasied IMFs as a result of a
sifting process. An analogy can be established d@twthe terms of the sifting
processes of Wavelet and Hilbert Huang Transfoim¥Vavelet Transform, at each
level of decomposition, the filtering process sapes high and low frequency
components into detail and approximation termgeesvely, and the sifting process
continues over the approximation term. In a simitenner, the sifting process in
HHT/EMD behaves like a high pass filter and remowbs low frequency

components iteratively until a predefined critemet to yield the IMF component
that contain high frequencies. The removal of 1€ component from the analyzed

signal yields the residual term over which tharsiftorocess continues. Therefore, in

12



a manner, it can be concluded that the approximasiod detail terms of WT
correspond to the residual and IMF component tenmspectively. Despite the
similarity in principle, the computation and sepema of high and low frequency
contents through the sifting operation essentidiljer as it is explained in the

following paragraphs.

The first step of the sifting process is the id@edtion of the local extrema of the
signal. The local mean is approximated by computiteglocal average of the two
cubic splines whose knots are the local maximarnaimiina, respectively. The upper
and lower envelopes are required to cover all tita Between them. The difference
between the signal and the local mean approximatiells the new signal to be

sifted until a termination criterion is met.

The first and second steps of the process, witisanee rationale applicable to thie
step, is illustrated in Figure 3.1 and 3.2, reggel, using a signal modet(t)
comprised by superimposing two sine waves andstbran as pe3.1).

x(t) = sin(2rfit) + sin(2nfyt) + 2 (3.1)

The data is depicted in Figure 3.1 in blue coldre Tipper and the lower envelopes
are depicted in Figure 3.1 in green and red colaspectively. The local mean
vector obtained as the local average of the eneslap depicted in Figure 3.1 in
black. The signal obtained as the difference batwhe data and the local mean is
depicted in the last section of Figure 3.1 in ldo®or since this signal constitutes the

data that the sifting process continues over @slitistrated in Figure 3.2.

Reiteration of sifting with the high pass data loé tprevious step defines a much
more compliant new signal with the definitive caimhs of IMF. As it can be
verified from steps depicted in Figure 3.2, thealanean vector approaches zero and
the oscillations around it are almost symmetriceriiually, as the sifting process is
iterated k times, an IMF shall be identified. Witmoval of the identified IMF from
the original signal, the residual data is obtairiéte residual data constitutes the new

input to the sifting process to yield another IMF.

13



Figure 3.1: The sifting process —iteration.

Figure 3.2: The sifting process —"2iteration.
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The sifting process is intrinsically defined forntimuous signals. But the practical
applications concern discrete data. Thus, the timdex in the computations needs to

be handled with care. The algorithm is as follows:

(0) The data is retained in vectoy
(1) Identification of the local extrema,
(2) Generation of the envelopes:
a. A cubic spline is fit to local maxima to generale tupper envelope
ey
b. e, is resampled at original data locations,
c. A cubic spline is fit to local minima to generate tower envelope;,
d. e; is resampled at original data locations,
(3) Computation of local meam, at corresponding data locations:

€u+ (=F]
m1: 2

(3.2)

(4) Computation of the first IMF candidate:
The difference between the; and the analyzed signal gives the first IMF

candidate.

hl =X— my (33)

(5) Check for the termination criteria:
Ideally, h, should be an IMF [2]. If sdh, is assigned as the first IMf,

] = hl (34)

Otherwise, h; is taken as the analyzed signal and the step$3)lre
reiterateck times forh, until termination criteria is satisfied. After ssfaction
of the termination criteriay,;, is defined as the first IMF.

hy = hl(k—l) - Myg (3.5)

c1 = hyg (3.6)

The termination decision is given with regard$Stvalue calculated by

T 2

hige—1y—h

o=y [' 1 ~ Fu (3.7)
o h -1

15



Typical values to stop the process are proposéxe t0.2-0.3. The nominator
term and henc&D value will decrease as the sifting process eliteirthe
riding waves and smooths the uneven amplitudes [2].

(6) Removal of IMF and computation of the residual data
As the first IMF is defined, it is removed from tbeiginal signal to obtain

the residual term,.
T1 =X — Cl (38)

Now, the residual data constitutes the new inpuh#osifting process. Steps
(1)-(4) are repeated to obtauy. The removal of the newly identified

component,. shall yield the new residual tenst
7"2 = 7"1 - Cz (39)

In generalized terms,

i =1;_4— c;wWhere i =1,2,..,n (3.10)

In equation (3.8)x is used only in the first IMF computation, thenist
replaced withr;.

(7) n IMFs shall be obtained until the decompositioncess is stopped. The
criterion for stopping may either be reaching asprided number of IMFs or
1, becomes a monotonic function or a constant thabisuitable for sifting.
The transform is complete and allows reconstructbrthe original signal

from the components plus th& residual tern;, as pei(3.11)
n

X =1, + Z C; (3.11)
i=1

Consequently, the EMD algorithm has two loops irichtresidual terms and IMFs
are computed. Since the inner loop that runs foF IMentification is executed
indefinitely (step (1)-(5)) until the terminatiomiteria is satisfied, it creates the most
of the computational cost. The calculation of thsidual in the outer loop is just a
subtraction operation (step (6)) which is done gmereeach identified IMF.
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3.2.3 Hilbert Transform

In 1743, Leonard Euler derived the formula give(3ri2)
e/? = cos(z) + j sin(z) (3.12)

150 years later, the complex notation of harmonavevforms are formulized by
Arthur E: Kennelly and Charles P. Steinmetz a@8it3)

e/®t = cos(wt) + j sin(wt) (3.13)

Later on, in the beginning of the 20th century, idatdilbert showed that the

function sin(wt) is the Hilbert Transform otos(wt). This gave us thet 7T/Z

phase-shift operator which is a basic propertyhefHilbert Transform [20].

The Hilbert TransfornY (t) of a functionx(t) is defined for alt in (3.14)

[oe)

X
() i
t—1

Y(t) = %P j (3.14)

— 00

when the integral existd? indicates the Cauchy Principal Value. This tranmsfo
exists for all functions of class’. A real functionx(t) and its Hilbert Transform
Y(t) are related to each other in such a way that tbggther create a so called
strong analytic signal and they are orthogonal. &strong analytic sign&{x), it is
given by(3.15)that [20]:

H{Re[f ()]} = Im[f (x)] (3.15)

Meaning thatY (t) andx(t) form the complex conjugate pair. Hence, an ar@alyti
signalZ(t) can be defined 48.16)[2, 21, 22],

Z(t) = x(t) +iY(t) (3.16)

The strong analytic signal can be written with erphtude and a phase

Z(t) = a(t)e!?® (3.17)
in which
a(t) = [x2(t) + Y2()]V?, (3.18)
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Y(t)) (3.19)

6(t) = arctan <m
and by equatior(3.20) the derivative of the phas¥(t) can be identified as the

instantaneous frequenay.

_do(t)
o dt

W (3.20)

Even though a function and its Hilbert Transforne arthogonal, it is not always

realized in applications because of truncationsumerical calculations.

3.3 Application Areas of the Method

The HHT method has a wide spectrum of applicatr@aswithin the scope of signal

processing. Some of the topics include [3]:
* Noise filtering,
e Vibration, speech, and acoustic signal analyses,
* Machine health monitoring,
* Non-destructive evaluation for structural healthnitaring,
* Financial market data analysis,
» Earthquake engineering, seismic data,
* Bio-medical applications,
» Satellite data,

« Cosmological gravity wave and planets hunting.
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3.4 Features and Outstanding Problems

The general methodological outstanding problemssighal and system analysis
concern adaptive data analysis, nonlinear systeemtiftcation and prediction

problem for nonstationary processes [3].

The features of HHT, due to which the method isregpted as an innovative and a
promising method for nonlinear and nonstationamga aall be dealt in this section. It
should be reminded that these features may alsthdeaddress of outstanding
problems and thus, subjects of improvements.

3.4.1 Orthogonality, uniqueness and independence

Orthogonality requires “inner product”, which igganeralization of the notion of the
dot product between two complex vectors, be equaéto.

(x,y)=0 (3.21)

By virtue of the decomposition, the elements shalilthe locally orthogonal to each

other. The two elements for checking can be takdR]a

i. The local mean vectar(t) which was corresponding ta of the , of the

signal calculated as the local average of the uppdiower envelopes, and
ii. The difference vector obtained by removingfrom the signal.

In this circumstance [2],

(x(®) —x(®) - x() =0 (3.22)

Hence, it can be concluded that the IMFs are theatly orthogonal. Since local
mean is computed through the envelopes, it mayateeiom the true mean. Hence,
Equation (3.22) is not strictly true and leakagauimavoidable. However, leakage
should be small. In reality, even pure sinusoidamponents with different

frequencies are not exactly orthogonal due toithitefdata length [2].

Huang had defined a measure for orthogonality chebklch is called “Index of
Orthogonality” (I0) and proposed two methods formmauical calculation of it [2].
The first of the methods was for overall and theoséd was for any two components

such ag’y andC,. They are defined as follows [2]:
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n+ln+1

10 = i Z Z C;()C(£) /22 () (3.23)

t=0 \ j=1 k=1
(3.24)

It should be noted that, although the definitionroathogonality seems to be global,
the real meaning here applies only locally [2] igipd that no two IMFs will have
the same frequency at the same point in time. db& lorthogonality property of the
decomposition helps to maintain the independenckasfs functions. The sum of
two IMFs will usually not yield another IMF excephder the circumstance that the

two IMF components are close in frequency [18].

3.4.2 Frequency resolution

Frequency (spectral) resolution concerns the cépalbif distinguishing between
neighbouring spectral components. Although theee raxmerical differences, the
various envelope processes are shown to yield appabtely similar IMF
components so that without attention to the choicinction actually employed to
construct the signal envelope, the procedure isneld to give unique frequency
resolution [18].

In his studies concerning the spectral resolutibEMD process, Rilling analyzed
separability of two or more tones. Three of theatasions included in the study are

as follows [23]:

* The amplitude ratio affects the separation. Whenamplitude of the high
frequency component gets smaller than the ampliafdée low frequency
component, the performance drastically decreases.

* Above the critical cut-off frequency ratigf.(= 0.67) it is impossible to

separate the two components, whatever the amplratateis.

« The performance of the method is improved in thesgnce of a third

component.
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For further details, [23] can be referred. In thligdy, the conclusion concerning the
frequency ratio is illustrated in Section 4.5 asedi for the purpose of validation of

the algorithms.

3.4.3 Mode mixing

One of the major drawbacks of the original EMDhs frequent appearance of mode
mixing, which is defined as a single Intrinsic Mdgenction (IMF) either consisting
of signals of widely disparate scales, or a sigofla similar scale residing in
different IMF components [24]. Hence, relation ofode mixing with signal
intermittency, that can be encountered as a coeseguof arbitrary and abrupt
occurrences or inoccurences of a component in ithe history of a signal, is
obvious. The EMD is not able to separate this phemmn [10, 24]. Also,
straightforward implementation of the sifting prdoee is stated to produce mode

mixing that results in aliasing in the IMFs [3].

Some of the proposed methods to overwhelm thisl@nobnclude application of
intermittence test [3], preprocessing with waval%h], a masking approach [10] and

a noise aided data analysis approach [24].

3.4.4 Boundary effects (End effects)

The inclusion of the first and the last terms @& fiignal as both minima and maxima
and thus as knots for the cubic spline to be fitbediates swings on both tips of the
signal that eventually propagate inward on eadtatien and corrupt the data. The
phenomenon is called the end effects or bounddegtsf[2, 26]. With respect to the
propagation depth, this effect may deteriorateHigert Transform at least or totally

corrupts the data.

Concerning studies and proposed improvements dgnearelude addition of
boundary extrema in various ways. Some of the meganethods, with the general
intention to represent characteristic natural bedrawof the original time series [27],

are as follows:
* Additional waves based on the two closest maxinthramima [2, 27],

* Padding with additional “characteristic” or “typal” waves based on the

closest maximum and minimum [28].

21



2mt
wave extension = A.sin (7 + 'phase) + local mean (3.25)

where the typical amplitud®, and periodP, are determined by the nearest

local extrema.

Additional waves are obtained by mirror symmetrytieg extrema closest to
the edge [27, 29].

Slope-based method - Generation of new extreméased on the slopes of

extrema near both ends of the data series [27].

Improved slope-based method (ISBM) [27].

3.4.5 The sifting

With reference to the arguments of the sifting pes¢ which are the local mean

(m;;) and the differencéh;, ), Huang addresses two problems:

Ideally, h; should be an IMF. The method for the constructanh,
described above seems to have been made to satishe requirements of
IMF. In reality, however, overshoots and undershaate common, which

can also generate new extrema, and shift or exaggtire existing ones [2].

Still another complication is that the envelope mesay be different from
the true local mean for nonlinear data; consequestime asymmetric wave

forms can still exist no matter how many timesdh& are sifted [2].

3.4.6 The intrinsic mode functions

The frequency resolution capability of EMD was meméd previously in Section

3.4.2. Sometimes, the IMFs may not be mono-compofugictions due to various

reasons, such as:

As the EMD cannot decompose narrowband multi-haresignal very well,
most of the IMFs are still multi-harmonic functiof39].

The EMD may generate some undesired low amplitidiesl at the low-

frequency region and raise some undesired frequemtyponents [31].

The first IMF may cover a wide frequency rangehat high-frequency region
[31].
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* The EMD operation often cannot separate some lavggncomponents from
the analyzed signal, therefore those componentsnoile able to appear in

the frequency—time plane [31].

One more deficiency to be mentioned within this tisec concerns over-
decomposition of a signal. It has been shown tidDENay split an intrinsic mode
into two or more neighbouring IMFs because of tffect of noises so that some

intrinsic mode functions are distorted and faitlemote the signal features [19].

The proposed solutions include either pre-procgssin post-processing of the

acquired or derived signals, such as:

« Wavelet Packet Transform, which is a sophisticaetion its own already as
it is briefly explained in Section 2.7, can be giwas a successful example for
preprocessing. At first step, the original signal greprocessed with the
wavelet packet transform to obtain a set of narbamd signals. Then, the
narrow band signals are processed with EMD. Adasiestep prior to Hilbert
Transformation, the set of IMF candidates needsetéltered for selection of
appropriate IMFs. A detailed implementation is give [31] concluding that
a better resolution both in time domain and in Ggcy domain had been
achieved.

* Combined Mode Function (CMF) approach, an exammigdst processing,
is shown as an effective way to represent the teag¢ures of the mode

obtained by combining over-decomposed componeBfis [1

3.4.7 Effect of sampling rate

Identification of the extrema in the signal is themary step in EMD. Lacking
extrema cause wrong definition of the characteristhe scale and consequently,
wrong calculation of both the IMF and the local me&herefore, the adverse effect
on the performance of the decomposition is inelétaBimilar to the Nyquist criteria
that requires the sampling rate be at least theetwf the highest frequency included
in the signal, for a proper representation of tigmal, Rilling stated the minimum
requirement for the sampling period to be at mos balf the minimum distances
between consecutive extrema in the signal to enbatethere is no loss of extrema

due to sampling rate [23].
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3.4.8 Termination criteria

Huang’s initial proposition for the SD was settiagyalue between 0.2 and 0.3. The
rationale for this typical value was again on emspirbasis. The two Fourier spectra,
computed by shifting only five out of 1024 pointsrh the same data, can have an
equivalentSD of 0.2-0.3 calculated point-by-point [2]. Theredothe SD is defined
as a metric to measure the squared differencealacthe resemblance, in-between
the two successive candidates of a particular IMEspite its rigorous view, this

metric was later criticized in two folds:
I.  Sufficiency of the metric for resemblance, and

ii. Independence of the metric from the definitive dbads for the IMFs. The
squared difference might be small, but nothing gotees that the function

will have the same numbers of zero-crossings atreéma [3].

In the mean time, the over-decomposition which si@ted as a complication can
also be given as an example that motivates desivatif a better termination

criterion.

In this context, Huang et al. proposed a secondrn based on the agreement of
the number of zero-crossings and extrema. In thi®rion, sifting process is
proposed to be stopped afteconsecutive times provided that the numbers aj-zer
crossings and extrema stay the same and are egdidfleo at most by one. The new
criterion was respectful to the IMF definition buas bringing a new question that
concerned the selection of tBnumber. As a result of extensive studies, the @ang
of Snumbers was advised to be set between 4 and 8 [3].

3.5 Comparison With Fourier and Wavelet Transforms

Historically, Fourier spectral analysis has prodidegeneral method for examining
the global energy-frequency distributions and dated the data analysis efforts
since soon after its introduction. As a result, téren “spectrum” has become almost
synonymous with the Fourier Transform of the dd&taurier analysis has been

applied to all kinds of data despite the cruciatnietions of linearity and stationarity

2].
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Then, as its successor, the Wavelet Transform &leentthe scene with success

stories and has become being referred synonymawisty “decomposition”. The

youngest of the three, HHT, with still lacking thhetical basis sometimes needs to be

incorporated with the former methods to presenebsblutions. The employment of

the other methods can be either for pre-processipgst-processing but synergetic.

Since it has been appreciated that a comparatieseptation of the methods may

help better understanding, following sections aeoted for this purpose.

3.5.1 Comparison with Fourier Transform

The fundamental differences of the two approachess follows:

The FFT assumes stationarity and linearity of the dvheras the HHT does

not require the same assumptions.

In FFT, the basis for the expansion is global agtdaspriori whereas in HHT
the basis is locally and adaptively imposed byda.

The FFT processes amplitude-time data and generatesamplitude-
frequency description. But the HHT, processingdame data, generates both

time-localized amplitude and frequency information.

The HHT cannot treat functions such as a singléecgt a square wave as
there are no maxima and minima to fit, while thel Fdan analyze such a

signal [33].

Since the computational demand of sifting cannotpleetermined, HHT

shall be computationally much more demanding thah, in general.

FFT has a much complex structure than HHT becalifeearequirement to
create a Fourier series to fit the signal compgsivoth the included
frequencies as well as the portions where the bighazero [33]. In

conjuntion, a problem of spurious frequencies alsges.

The fundamental differences stated above can egailyacceptance. However, there

are two more features that arguing may pose an rappty for improved

understanding.
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 FFT clearly distinguishes the frequencies beyone thit-off frequency
(f.=0.67) where as HHT can not. The HHT generates a sifrgilguency
which is equal to the average of the two sine wesguencies comprising the

signal [23, 33].

* As the data length is reduced (smaller number oliesyof the beat pattern are
subjected to analysis) so that the signal doegadieyond the first node of
the envelope, then the FFT shows only one peakeatterage value of the

two frequencies [33].

These last two matters will be presented with itltsons in Section 4.5.

3.5.2 Comparison with Wavelet Transform

WT and HHT have both differences and similaritidsch are as follows:

« Both transforms assumes that a signal is compasedmponents that can be
decomposed into high and low-frequency compondésghe high frequency
part is filtered, the decomposition process comgaver the low frequency

part which is assumed as the new signal.

* In WT, the basis is set a priori and the filterplagdl along the sifting process
are linear time invariant where as in HHT the basisnposed by the data

locally and adaptively.
* The filtering features for WT are given in Figur@ 319]. It can be seen that:

i. The bandwidth of approximation and detail terms wlavelet
decomposition is decided by the sampling frequagidye signal and the

level of decomposition instead of the signal chimastics.

ii. The frequency band of the signal is divided int@ qual parts of high
frequency and low frequency in every step of wavekecomposition.

Hence, wavelet decomposition is not self-adaptive.

* On the other side, filtering features for HHT isen in Figure 3.4. It can be

seen that:

i. The bandwidth of an IMF is determined by the feaegunsf the signal itself
rather than other factors, such as sampling freques it is in wavelet

transform.
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ii. There is not a predetermined decimation in theueegy band. The IMF
¢, covers the highest frequency band and the |la#i€ssIcover lower and
lower bands until the residua indicates the mean trend of the signal.
Therefore, EMD is in nature an adaptive band-pdss fbank, whose
bandwidth is self-adaptively determined by the wred signal. For an
extensive analysis of the filtering features of EM&n be referred [19,
23, 29, 34].

Wavelet decompositions present the advantage oigheased on solid and
well-understood theoretical foundations, and toefaipped with extremely
efficient fast algorithms. This of course contrasith the present situation of
EMD, whose definition is only given as the outptian algorithm, and which

clearly lacks from a well-established theory [34].

Frequency Content

Original Signal

Al D1

Level of Decompaosition

F_y
1 ! 2{::—1.’-

Figure 3.3: The filtering feature of Wavelet Transform.
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Frequency Content

Original Signal
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Level of Decomposition

Figure 3.4: The filtering feature of Empirical Mode Decompasit

A summary of comparison between Fourier, Wavelet IR T analyses is given in
the Table 3.1 [3]:

. Table 3.1: Summary of transform properties.
Fourier Wavelet HHT
Basis a priori a priori Adaptive
Convolution, Convolution, Differential,
Frequency Global, Global, Local,
Uncertainty Uncertainty Certainty

Presentation Energy-Frequency Energy-Time-  Energy-Time-

Frequency Frequency
Nonlinear No No Yes
Nonstationary No Yes Yes
Feature extraction No Yes Yes
Theoretical base Complete Complete Empirical
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3.60n The Applications to Rotating Machinery and Vibration Signals

The analyses of vibration signals showed that ctaratic frequencies that can

reveal the state and condition of the systemsrarleided and can be identified. As

an example, the bearings, which are the biggegtestause of motor failures [8, 9],

generate vibrations of particular frequencies &y thet degraded or even they are
fault-free [10]. It has been also shown that amedytcalculations of the frequencies

are also possible K8.26)(3.29)[8]:

2
fo = % f, ll - (%) cosz(ﬁ)l (3.26)
BD
fo = %fr [1 - ﬁCOS(ﬁ)] (3.27)
BD
fi= gfr [1 + ﬁcos(ﬁ)] (3.28)
(3.29)

1 BD
fo=5h|1-5pc05®)]

where,n is the number of ballfD is the bearing pitch diametdBD is the ball
diameter g is the contact angle of the balls on the racesfaislthe rotational speed

of the rotor in Hz.

The f, and f;, for most bearings with number of balls betweean@ 12, can be
approximated by3.30)and(3.31)

fo = 0.4nf, (3.30)
fi = 0.6nf, (3.31)
This generalized formulation allows an easier dedin of frequency bands without
requiring explicit knowledge of bearing construati@].

Despite the analytically developed background, shecess of the conventional
signal analysis methods in the analysis of vibratiata cannot be more than partial
because of the general assumption that the prgmssrating the data is stationary
and linear. Relevantly, it has been known and shihnahthe systems were nonlinear

due to a number of factors like load, friction/ruid) uneven clearances, non-linear
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stiffness terms, etc. and non-stationary due tastesats and time varying nature and
FFT alone is not capable of analyzing the frequesmytent of a defective bearing

signal [36].

Signals with such non-linearity are best analyzetime—frequency domain and as
the best available time—frequency method so faryéléa transform has become a
well accepted time—frequency analysis tool and been widely used in vibration
signals analysis. But the wavelet transform séithrot fulfill the rolling bearing fault

detection task very well since it has some inel@aleficiencies [31]. The results of
wavelet transform depend on the choice of the veavasis function. Only signal
characters that correlate well with the shape ef\lavelet basis function have a
chance to lead to coefficients of high value, wialleother features will be masked
or even completely ignored [19]. Additionally, thaterference terms, border
distortion and energy leakage, all of which willngeate a lot of small undesired
spikes all over the frequency scales and makeethdts confusing and difficult to be

interpreted.

Since the frequency ranges of the vibration sigras often wide; implicit
constraints of high sampling rate and large datmspeed to be satisfied requiring
that the desired method should have good computdtedficiency.

Unfortunately, the computation of Continuous Watelgansform (CWT) is
somewhat time consuming and is not suitable fgydaize data analysis. The recent
popular time—frequency analysis method, Hilbert kpdransform (HHT), has good
computational efficiency since its most time conswgrstep, EMD operation, does
not involve the convolution and other time-consuynaperations, therefore the HHT

can deal with the signals of large size [31].

Moreover, the occurrence of impacts in bearingsfisn rather frequent and the
interval between two adjacent impacts is quite kntéénce, the desired time—
frequency analysis methods for bearing vibratiagnal analysis should have fine
resolutions both in time domain and in frequencyndm. Due to the limitation of
Heisenberg—Gabor inequality, the wavelet transfoamnot achieve fine resolutions
in both time domain and frequency domain simultaiseg therefore, although the
wavelet transform has good time resolution in Higlguency region, it often cannot
separate those impacts, for the time interval betmteem are often too small. HHT

does not involve the concept of the frequency rggmi and the time resolution. So
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the HHT seems to have potential to become a petdettfor rolling bearing fault

detection and vibration data analysis [31].

The implementations of HHT on vibration signals aéher with or without
modifications on the algorithm. The modificationse aalso in two folds; with
improvements on the HHT algorithm or with incorgara of other methods such as
WT, WPT and FFT. For further details concerning ithplementations on vibration
signals, the references such as [19, 27, 30, 3133pbwhich are attributed for a

general summary can be referred.
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4. THE MODIFIED HILBERT HUANG TRANSFORM

In this chapter, the modified Hilbert Huang Tramsfds introduced as an improved
version of the classical method. The details of thedifications are presented
throughout this chapter.

4.1 Objectives

In the previous section, following the introductioh HHT method, features and
outstanding problems of the method were mentio@¥dhose matters, local mean
approximation and the end effect are consideredh whe objective to propose
improvement. As the chapter concludes, it will bewn that the proposals result

well with better frequency resolution.

4.2 Local Mean Approximation

In the original method, the local mean approxinmatie calculated as the local
average of the two cubic splines generated withaeisto the maxima and minima of
the signal. Huang’s proposition was to include fire and the last elements of the
time series in both the maxima and minima vecfoh& visualization of the process

was presented in Figure 3.1.

In the alternative method proposed to generatéotted mean curve, there exists only
one vector that retains the extrema including tret &nd the last values of the time
series. As the extrema are identified, the knotsthe spline comprising the local

mean approximation are calculated as the averatfeedfvo successive extrema and

a cubic spline is fit. Prior to the sifting opeoati

* The vector retaining the local mean approximatieeds to be modified for

the end vectors with respect to the criteria stateection 4.3, and

» The spline needs to be resampled at the origirtalldaations.
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Afterwards, the sifting is realized by computing tdifference between the signal
and the local mean approximation. The phases ofptbeess is depicted in the
Figure 4.1. As it can be verified from the Figurd and 4.1, the two mean curves
obtained with the original and proposed methodssméde each other. The
significance of the difference and relation witlcleather is left as further study
subject.

“n 10 20 30 40 80 B0 70

Figure 4.1: Phases of the Modified Algorithm — First iteration

4.3 Adjustment of the Boundary Values

The first and the last elements of the time sesiee included in the extrema vector
even though they might not be actual extrema. Thues,part of the spline that
resides between thd®and (n-1¥' extrema location is assumed as is while the tip
sections, the prefix and the suffix, are generatdith respect to the following

formulation and concatenated with the spline.
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Adjustment of the Prefix:

e e e —

jlocal extremum: #1
(2} Lotal extremum: #2

b
Lo
—

(3] Local extremum: B3
i | J § LT T T T i
5 4 (4} Enotl: Average of (2] and [3)
! 5] Knot 2 Value of the spline at 2°° extremum

& \ . ! [6) Knot3: Proposed boundary value; Displace (1) by (&) ¢

il -

¢ (&) Difference betwean (5] and [ 2]

L=
.:4

I

i - - 1

Figure 4.2: Adjustment of the Prefix (fore tip of the time ies).

First of the two definitive conditions for IMF remes symmetric wave profile. With
this rationale, a point in th& vicinity of the first element of the time seriesncbe
defined. Thes value is the difference between the first actusirezna and
corresponding value of the local mean approximatibae spline). So the tip is let to
oscillate with an amplitude as the data impose® dscillation between the local
mean approximation is almost symmetric or evenyugkts symmetric. If the
number of points before the first actual extremadé (2) in the figure) is greater
than one, then a spline needs to be fit from thatpd4), (5) and (6) of Figure 4.2.
These points are the knots of the spline and deéfasethe average of extrema 2-3,
value of the spline at"2extremum and proposed value obtained by displacenfe
the first element (first extrema) of the time serigy 5, respectively. The same

rationale applies for the adjustment of suffix dhdtrated in Figure 4.3.
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Adjustment of the Suffix:

+ [1]} Local extremum: #{n-2}

i (2)Local extremum: B(n-1) i L) 1 ey
L (3] Locad extremum: #n, Last value of the signal , ' - - i _i-_i

{4} Enotl: Averageof (1) and [2) : i (8} .
{3 Knet 2 Value of the splire at (-1 extrémum ' l - &
.: (6] Knot 3: Proposed boundary value; Displace {3) by (6] ! » & |

: (&) pifferance batween{5) and (2} . L

""""""""""""""""""" b & |'
|4 ! b
o i--

¥ 6

(2 '

Figure 4.3: Adjustment of the Suffix (rear tip of the time ies).

4.4The Algorithm

(0) Load / Generate the signai™
Assign “s” to “y” to be used during the sifting process.
“y” holds the amplitude andc" holds the location index.
(1) Find extrema (including the first and last valuéshe signal):
“Ey” holds the amplitude value and¥” holds the location index of the

extrema .

(2) Compute the coordinates of the knots for the splmeX aveY

aveY (i) = %[Ey(i) + Ey(i+1)] (4.1)

aveX(i) = %[Ex(i) + Ex(i + 1] (4.2)

(3) Fit cubic spline to the knots

(4) Resample the spline at original data locations w&hnh the two boundary
sections:

Section 1] Ex(1) ,Ex(2))

Section 2 Ex(n — 1), Ex(n) ] wheren is the length of the extrema vector
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(5) Adjust the boundary sections of the spline

(6) Concatenate the boundary sections with the resahggéne to obtain the
approximation vectom

(7) Sifting
y=y—m (4.3)
Check whether the termination criteria is met ot t® decide on the

continuation of the sifting. If the criteria is meissigny as theit" intrinsic

mode function (component):
=y (4.4)

Remove the componeagitfrom the residuat;,

Tigr =1 — G (4.5)

Assignr;,, as the new signal to be sifted,
Y =Tit1 (4.6)

(8) The termination criteria can either be selectethasSD value o8-numbeiof
consecutive sifting iterations. But the applicattorvibration signals showed
thatSD value should not be the first choice.

4.5 Validation of the Algorithms and Softwares

In accordance with Rilling’s study, the signdk) is comprised of two superimposed

sinusoids.
x(t) = cos(2mfit) + cos(2mf,t) 4.7)

Equivalently,x(t) may be expressed as [21]:

x(t) = 2cos (fl ;fz t) cos (fl : f2 t) (4.8)

Mathematically, equation (4.7) resembles a two temgmal whilst equation (4.8)
resembles an amplitude modulated single tone sig8ahilarly, the physical
interpretation of the signal may also be varyindwysecally, variation of the
interpretation depends on the apartness of theudregjes. As it is illustrated in

Figure 4.4, the interpretation shall be a two tsignal if the two frequencies are
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sufficiently apart and an amplitude modulated ®ngine signal otherwise. Latter is
referred as the “beat effect” implying that the softwo components yields a third
signal without any resemblance of the componer§ [ore than being a physical
interpretation and a virtual situation, this is WBEMD concludes in compliance with

Rilling’s conclusion, but violating the independdaisis paradigm.

In order to illustrate the cases explained abowe, lieing the reference signal three
sinusoids are generated as depicted in FigureThd.signal specifications are as

follows:

The sampling frequency,, and data lengthy, are specified to be 1000 Hz and 600

Hz, respectively.
fr =55Hz, fi =5Hz, f>=45Hz . (4.9)

While specifying the frequencies, following crite@re regarded:

A< L< <] (4.10)
% <067 (4.12)
% > 0.67 (4.12)

In the Figure 4.4, the 5 Hz component was selettiegain a better visualization

opportunity.

Having the beat effect been presented, the perfucen@f the original EMD and
modified EMD algorithms will be presented from n@n. The applications of the
algorithms make use of the above mentioned sigmaetmwhich is made up of two
different sinusoids. With respect to the frequemafo of the sinusoids and data
span, a total number of four cases arise to beyaedl Particularly, the frequency
ratio may be either above or below the cut-off érexcy ratio . = 0.67) and the
number of data samples can be either high or loveakch case, the data is analyzed
with both the original and modified EMD (HHT) metie
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Figure 4.4: The beat effect.

The results concerning each method are presenteaifigures:

* The extracted IMFs and the signal in the time domai

Number of IMFs to be identified is set as four. Ead the identified IMFs

are depicted as subplots in red color versus tabzed signal in blue color.

* The extracted IMFs and the signal in the frequeshmyain.

The PSD estimates of the analyzed signal and IM&giaen in color coded

manner. The matching is as follows: analyzed sigmélue, £' IMF in red,

2"%in magenta, "8 in black and % in cyan. The justification of using FFT to

obtain frequency domain representation of the IM#&B be clarified in

Section 5.3.

Brief summary of the application that concerns fingr cases corresponding to 8

analyses is given in Table 4.1.
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. Table 4.1: Frequency resolution analysis summary.

Analysis of the Signal Comprised of Two Sinusoids

ﬁ < f;: ﬁ > f;:
2 2
64 Samples 1024 Samples 64 Samples 1024 Samples

Analysis 1 [ Analysis 2 Analysis 3 Analysis 4 Analysis 5 Analysis 6 Analysis 7 Analysis 8

mMHHT HHT mHHT HHT mMHHT HHT mMHHT HHT

The results of each decomposition are illustratefigures that include:
The “extracted IMFs” versus “the signal” in the @mdomain
The “extracted IMFs” versus “the signal” in the @rfrequency domain

(Frequency domain representation is obtained by KHh window size equdl
to the data span)

Analysis 1: Decomposition with mHHT

Signal Specifications:
£, = 35Hz, f, = 55 Hz. Hence% = 0.64 < f.. N = 64 andf, = 1 kHz.

Analyzed signal (in blue) versus the identified I8fn red) are depicted in Fig. 4.5.
As it can be verified from Figure 4.6, the PSD restie of the signal does not help
identification of the two components. The PSD eatas of the 4 IMFs reveal 3
components but with shifted central frequencieshwrespect to the actual

components.
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Figure 4.5: The analyzed signal versus identified IMFs intihree domain.
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Figure 4.6: The analyzed signal versus identified IMFs inftieguency domain.
Analysis 2: Decomposition with HHT

Signal Specifications:

£, = 35Hz, f, = 55 Hz. Hence% = 0.64 < f.. N = 64 andf, = 1 kHz.

Analyzed signal versus the identified IMFs are degal in Figure 4.7.
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Figure 4.7: The analyzed signal versus identified IMFs intihree domain.
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Figure 4.8: The analyzed signal versus identified IMFs infteguency domain.

As it can be verified from Figure 4.8, the PSD restie of the signal does not help
identification of the two components. The PSD eateas of the 4 IMFs reveal 3
components with shifted central frequencies witspeet to the actual components.

The bands of the components are wider than theiorfsalysis 1.
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Analysis 3 Decomposition with mHHT

Signal Specifications:

fi =35 Hz, f, = 55 Hz. Hence% = 0.64 < f.. N = 1024 andf, = 1 kHz.

Analyzed signal versus the identified IMFs are degal in Figure 4.9.
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Figure 4.9: The analyzed signal versus identified IMFs intilree domain.
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Figure 4.10: The analyzed signal versus identified IMFs inftieguency domain.
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As it can be verified from Figure 4.10, the PSDireate of the signal clearly
identifies the two components. PSD estimates of IMEs reveal that the actual
components are resolved separately into the fisst of the four IMFs. PSD

estimates of them are dominant and coincide wighatttual components.
Analysis 4: Decomposition with HHT

Signal Specifications:

fi =35 Hz, f, = 55 Hz. Hence% = 0.64 < f.. N = 1024 andf, = 1 kHz.

Analyzed signal versus the identified IMFs are degal in Figure 4.11.
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Figure 4.11: The analyzed signal versus identified IMFs intihee domain.

As it can be verified from Figure 4.12, the PSDreate of the signal identifies four
components. PSD estimates of the IMFs reveal thatactual components are
resolved separately into the first two of the foMiFs. But the PSD estimates of

meaningless low frequency components are dominant..
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Figure 4.12: The analyzed signal versus identified IMFs inftieguency domain.
Analysis 5: Decomposition with mHHT

Signal Specifications:

£, = 45 Hz, f, = 55 Hz. Hence% =0.82 > f.. N = 64 andf, = 1 kHz.

Analyzed signal versus the identified IMFs are degal in Figure 4.13.
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Figure 4.13: The analyzed signal versus identified IMFs intihee domain.
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Figure 4.14:The analyzed signal versus identified IMFs inftleguency domain.

As it can be verified from Figure 4.14, the PSDreate of the signal does not help
identification of the two components. The PSD eatas of the 4 IMFs reveal 3
components but with shifted central frequencieshwiespect to the actual
components. The dominant component’s central frecyecoincides with the

average value of the actual components.
Analysis 6: Decomposition with HHT

Signal Specifications:

£, = 45 Hz, f, = 55 Hz. Hence% =0.82 > f.. N = 64 andf, = 1 kHz.

Analyzed signal versus the identified IMFs are degal in Figure 4.15.

As it can be verified from Figure 4.16, the PSOreate of the signal does not help
identification of the two components. The PSD eateas of the 4 IMFs reveal 4
components with shifted central frequencies witspeet to the actual components.
The dominant component’s central frequency coircidith the average value of the

actual components.
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Figure 4.15: The analyzed signal versus identified IMFs intihee domain.
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Figure 4.16: The analyzed signal versus identified IMFs inftleguency domain.

Since none of the methods produced meaningfultesulAnalysis 5 and 6, they are

repeated with same specifications except the sasmgaenvhich is taken d$=128.
Repetitive Analysis 5:Decomposition with mHHT

Analyzed signal versus the identified IMFs are degal in Figure 4.17.
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Figure 4.17:The analyzed signal versus identified IMFs intihee domain.
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Figure 4.18: The analyzed signal versus identified IMFs inftleguency domain.

As it can be verified from Figure 4.18, the PSDraate of the signal cannot identify
the two components. PSD estimates of the IMFs tehad the actual components
are resolved separately into the first two of i fIMFs. PSD estimates of them are

dominant with coinciding central frequencies witle actual components.
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Repetitive Analysis 6:Decomposition with HHT

Analyzed signal versus the identified IMFs are degal in Figure 4.19.
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Figure 4.19: The analyzed signal versus identified IMFs intihee domain.
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Figure 4.20: The analyzed signal versus identified IMFs inftieguency domain.

As it can be verified from Figure 4.20, the PSDreate of the signal cannot identify
the two components. PSD estimates of the IMFs dgpravide a better information
than the original signal’s PSD estimate.
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Analysis 7: Decomposition with mHHT

Signal Specifications:
fi = 45 Hz, f, = 55 Hz. Hence% =0.82 > f.. N = 1024 andf, = 1 kHz.

Analyzed signal versus the identified IMFs are degal in Figure 4.21.
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Figure 4.21:The analyzed signal versus identified IMFs intihee domain.
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Figure 4.22: The analyzed signal versus identified IMFs inftieguency domain.
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As it can be verified from Figure 4.22, the PSDimeate of the signal clearly
identifies the two components. PSD estimates of IMEs reveal that the actual
components are resolved separately into the fivstiIMFs. PSD estimates of them

are dominant with coinciding central frequenciethwine actual components.
Analysis 8: Decomposition with HHT

Signal Specifications:
f, = 45 Hz, f, = 55 Hz. Hence% =0.82 > f.. N = 1024 andf, = 1 kHz.

Analyzed signal versus the identified IMFs are degal in Figure 4.23.
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Figure 4.23: The analyzed signal versus identified IMFs intihee domain.

As it can be verified from Figure 4.24, the PSDimeate of the signal clearly
identifies the two components. PSD estimates of IMEs reveal that the actual
components are not resolved separately and thel¥ifs includes both frequencies

as a multi-component signal.
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Figure 4.24:The analyzed signal versus identified IMFs inftieguency domain.

4.6 Features / Impacts of the Proposed Method

The features of the proposed method include:

« A new formulation for calculation of the pivot ptsnof local mean

representing spline,
* A new formulation for resolution of the boundaryeets problem.
The major impacts of the proposed process are:
* Increased resolution in identification of intrindtequencies,

* Reduction in number of iterations to identify tidrinsic frequencies.
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5. ANALYSIS OF VIBRATION SIGNALS: THE APPLICATIONS

The data consists of the vibration signals acquireah an induction motor during an
accelerated aging test that had been performeddingdo IEEE-Std 117 (1974) test

procedures. The details of the test setup canfbered from [5, 6].

5.1The Data and Its Statistical Properties

The extracts from the time series belonging toititeal and last cycles of the aging
process are depicted in Figure 5.1 and relateddnams in Figure 5.2.

151 —— Aging Cycle:0 | ] 15) —— Aging Cycle:T | |
1 1r
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Figure 5.1: Sample sections of data belonging to the initial aged cycles.
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Figure 5.2: Histograms of data belonging to the initial aneédgycles.
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The statistical properties of the time series abeifated in Table 5.1.

. Table 5.1: Statistical descriptors of the vibration data.
Cycle
of Mean Staf‘df"‘rd Skewness Kurtosis
: Deviation
Aging
0 0.0016 0.1135 0.0591 2.9266
1 0.0014 0.1553 -0.0107 3.2875
2 0.0012 0.2082 0.0178 3.0367
3 0.0013 0.2894 0.0162 2.9985
4 0.0009 0.3275 -0.0031 3.0409
5 0.0010 0.3548 -0.0019 2.9832
6 0.0005 0.4147 -0.0103 2.9871
7 0.0030 0.6040 -0.0060 3.0093

In this application the motor speed is 1742 RRM=29.03 Hz) and the sampling
frequency is 12000 H& = 12 kHz). The bearing is of SKF 6205 type.

The approximate characteristic frequencies caledlatsing equations (3.26)-(3.31)

are as follows:
The ball pass frequency of the outer rgges 104.5 Hz,
The ball pass frequency of the inner rgges 156.7 Hz,
The ball spin frequency;, = 136.9 Hz.

The fundamental train frequendy,= 11.5 Hz.

5.2 Analysis of the Data with Conventional Methods

In this section, previous studies with conventiomaéthods such as Fourier

Transform and Wavelet Transform are presented.

5.2.1 Fourier spectrum of the vibration data

To extract the variation in the frequency conteirthe signals in parallel to the aging
process cycles, the Fourier transformation is peréal and the power spectral
densities of these signals are plotted as in Figu8e Comparative analysis of these
figures reveals the rise of high frequency comptmen the vibration signal,

between 2-4 kHz, due to accelerated aging probessdrgets the bearings [8].
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Figure 5.3: PSD of the vibration signals at initial and aggdles.

The high peaks which are identifiable in the PSDnestes have been known and
shown to be the harmonics of the characteristiqueacies likek,f,, k,f;, ksfp

wherek; are integers [8]. At this point, the matter of cem is a priori detection of
the potential frequency components that may poimd kad to a damage. The
continuous wavelet transform, subject of the nextien, will be employed to reveal

the potential frequency components using only hgalase data.

5.2.2 Wavelet analysis of the vibration data

The continuous wavelet transform produces the miffescales and with this way,
the small effects of the bearing damage, which banrepresented as a prior
knowledge between 2-4 kHz defined in high frequemnegion of the spectrum

calculations, can easily be detected. Here, thguémecy band of bearing damage
which defined as the prior knowledge is a knowntuesa through the related

literature. In general, it is accepted as beyondhef 2 kHz. In this sense, the
following paragraph gives the details of the combins wavelet transform application
to vibration signals both initial (healthy) and dd#aulty) cases. Continuous wavelet
transform is applied to the vibration signals te kew scale or frequency content of
a signal changes in time. These signals were degsedpinto 256 scales using
mother wavelet type of symlet.
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Figure 5.4: Absolute values of CWT coefficients for initialatg data.
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Figure 5.5: Absolute values of CWT coefficients for aged cyddta.

The CWT coefficients are shown in 3D-plane for bHealand aged bearing

conditions by means of the Figure 5.4 and 5.5. Going these figures it can be
observed that bearing damage effect shows itsédivascales as seen in Figure 5.5.
Hence, while it can be observed that the rare wrana are at the low scale values,

high scale values as shown in Figure 5.4 and Sifsate some periodical variations
at low frequencies.
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However, Time-8ale plot of the Fiure 5.4 which is given iiFigure 5.6, shows
more clearly the small amplitudes of the high frergey components which occur
low scales for determining t potential existence of the bear damage from the

healthy case.

Scale

i

_____ Ak |J i il o

PRI LWL ’ J.'...H g ‘i/ll I
i \Ml M AL

0.0
0 500 1000 1500 znuu 2500 3000

Time (¥ 1412000 sec

iy

Figure 5.6: Time-Scal¢ plot of the 3D-CWT of theibration signal in hezhy case.

Thus, it can be easily seen the rare small am@guaf the bearing damage at |
scale values, that'sigh frequency components. These rare small amgld
represents the primitive effects of the bearing algeneffects occurred at hi
frequency region of the spectrum of the faulty gec case dal Consequently, the
existence of the small amplitude ets related to bearing damage verifies our tr
about this matter. This finding is based on the gowf the continuous wavel

transform with its zoom capabil and was presented in [8].

In summary, 8 an alternative method, Continuous Wavelet Tram (CWT)
technique is purposed as a new possibility in sejpey the signals to different sca
in terms of using its high capability in reving the small effects which cnot be
noticed on the overall spectrum. Hence, type of genall amplitudes loced at high
frequency region of the overall spectrum of thelthgacase data can easily

extracted to indicatéeaturecat low scales of the CWTThis is one advantage of t
CWT approach used in this research over the clsSmectral Analysis Technique
Also these methods create a new possibility toakte defective case which cau
to the damaged case. Hence it is easily determyettte scaling approach of ti
CWT technique that magnifies these defective featurhis is extremely powerf
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approach to get the defects in early case and sffalit regarding to the bearing
damage that denoted between 2-4 kHz are observedhdyCWT approach.
Therefore, this study indicates an advantage of CWer the Spectral Analysis
Techniques in terms of getting more sensitive faldtection and hence, this

possibility can be represented as an importantidation for this study.

Nevertheless, CWT is assessed as a computatidimattlyconsuming and unsuitable
method for large size data analysis [31]. In thiscumstance, search for an
computationally efficient alternative method becsntbe matter of concern and

HHT, which is dealt in the next section, is considkas the alternative.

5.3 Analysis of the Vibration Data with Hilbert Huang Transform

In Chapter 3, it was explained that the HHT, cdisys of Empirical Mode
Decomposition (EMD) and Hilbert Transform (HT) pbasdid not require a priori
basis selection and was computationally effici¢tbwever, due to inefficiencies
encountered during practical applications, variaritthe method are proposed. The
effectiveness of utilizing FFT on IMFs from EMD ess is reported in [36]. In
addition, in [38], the performances of CWT and HHie evaluated and CWT is
reported to produce lower variance frequency esémahan HHT consisting of
EMD and HT. In this perspective, corporation of threginal EMD algorithm with

FFT is preferred for the analysis presented inghigion.

The IMFs and PSD of the whole decomposition praeeésr the initial () and last

(7" cycles are provided in the Appendix A.1-4. Insttsection, only the data
concerning these cycles of the aging process wilbtesented with the limitation for
the IMFs to retain information particular to 2-4 kXHegion. Hence, the original
results of CWT may serve as a reference for bendfinta and results can be

presented without complication of plenty of figures

The IMFs and corresponding PSD for tHe @nhd ' cycles are depicted in Figure
5.7-5.10. In general, from the figures, it can berified that each IMF retain
particular information corresponding different fueacy regions in the spectrum and
the first IMF includes the distinguishable highdstquencies. Particularly, this
remark cannot be precisely verified from Figure &7ong as the frequency interval
of [1500 Hz, 4500 Hz] is not zoomed in as it isidegl in Figure 5.8.
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Figure 5.8: Zoomed in values for Figure 5.7.

From the comparative analysis of PSD estimatesgarg 5.8, it can be concluded
that the first IMF retains characteristic freque&scbetween 1.5-4 kHz but initially
with small amplitudes. The second IMF’'s contentregpponds to 0.8-1.5 kHz band

and the high frequency components of the first & filtered.
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Figure 5.9: PSDs of the first two IMFs of the last cycle d@ged case).

In the initial cycle, the 0.8-1.5 kHz band was ie¢d by the second IMF. However,
as it can be verified from Figure 5.9 and 5.10the aged case the same band is
retained by the 3rd and 4th IMFs. This situatiomplies that new components with

higher frequencies are identified in accordancé expectations.
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Figure 5.10: PSDs of the 8 and 4" IMFs of the last cycle data (aged case)
extracted by HHT.
Comparison of the PSD estimates of the IMFs of eaghg cycle reveals the rise of
new components and the strengthening of existirg amthe high frequency region.
A closer view of the high frequency content of finst IMFs’ for the initial and aged
cycles are depicted in Figure 5.11.
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Figure 5.11: The rise of new frequency components and strengtgef the
existing ones.

5.4 Analysis of the Vibration Data with Modified Hilbert Huang Transform

Rilling’s findings, as presented in Section 3.4l &.5, defined a limitation on the
spectral resolution capability of the EMD proceBse EMD could not separate the
components of a two-tone signal, to yield two maonoponent signals, if the ratio
of the frequencies was above 0.67. The rich contérdny single IMF estimate
actually provides proof for this finding. Also, agan Section 4.5, it was shown that
modifications in estimation of the local mean cuarel definition of the boundary
values presented higher spectral resolution. Ptatsem of the results obtained by
application of modified algorithm again with FFTstead of HT constitutes the goal

of this section.
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The tests had shown that choosing SD as the tetiomneriteria of sifting increases
the number of iterations that may even exceed timber of samples in the data and
results in definition of unexpected IMFs. But irele if the number of siftings is
limited to a small number, such as 5, the methadlyces comparable results. One
of the proposals of Huang concerned definition mSanumber to limit the number
of siftings in order to prevent over-decompositidh

The decomposition results of mHHT are depictedigufe 5.12-5.15. Comparative
analysis of Figures 5.8 and 5.13, which presentztmmed in PSDs of the first two
IMFs of the initial cycle data extracted by HHT amHHT, reveals that mHHT
provides better estimates of components with higingplitudes in the PSD.
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Figure 5.12:PSDs of the first two IMFs of the initial cycletdaextracted by mHHT.
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Rising frequency components in the 2-4 kHz regi@ratained in the first two IMFs
of the last cycle data decomposition and the domtinoamponents of initial cycle are
shifted to & and 4 components while they were occupying the first two

components previously.

The mHHT provides better resolution even in the fosquency region where EMD
is known to be suffering. As an exampjfejs identified as the f4IMF and almost

as a single component.
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Figure 5.16: £, in the initial cycle.

The amplification off, component due to rotational imbalances imposeadyg

process can be detected from comparative anali/sigore 5.16 and 5.17.
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10" and 11" IMFs of HHT are the most suitable candidates twespond the same

frequency region. When the IMFs are examined in tthree-domain, it may be

concluded that these content is generated duevardhpropagation of the end effect

without having a physical meaning.
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5.50n the Computational Performance of the Methods

HHT has already been evaluated as a computatioefflyient method [31]. Total
numbers of siftings for identification of IMFs withe initial and aged cycle data are

given in Table 5.2. It is obvious that mHHT hasté&etomputational efficiency.

. Table 5.2: Total number of siftings for identification of INEF
Method Number of Siftings at
Initial Cycle Aged Cycle
HHT 3798 8970
MHHT 100 115
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6. CONCLUSION AND RECOMMENDATIONS

In this study, a modified HHT (mHHT) algorithm iggposed and the vibration
signals acquired during an experimental aging @®oef an electrical motor is
analyzed with CWT, HHT and modified HHT methods.

With the proposed mHHT method, higher spectral ltgém beyond the limit
imposed with the original algorithm has been aohieand a signal consisting of two
sine waves with frequency ratio higher than 0.6/esolved into its components. In
the spectral resolution context, the achievementM¥ identification in the low
frequency region should also be noted. In additibe, number of siftings per
extraction of a single IMF is remarkably reducedd aim return the overall
computational time consumption is significantly wedd. Also, the probability of

superficial effects due to spline fitting througttrema is reduced in proportion.

Despite it has been known relatively longer, thpliaption of CWT yielded original
results showing that the rare small amplitudeseinitial case of the aging process
represents the primitive effects of the bearing ageneffects occurred at high
frequency region of the spectrum of the faulty gecdcase data. This finding, based
on the power of the continuous wavelet transfornthviis zoom capability, was
presented as an article referred as [8]. This rasuélso verified with HHT and
MHHT within this study.

In addition to extended analysis studies on thgueacy resolution performance of
the modified algorithm, the following two improventeproposals that concern the
termination criteria and “wavelet packet-like” degoosition with mode selection
feature are planned to be completed for the nemrduand will be presented in

forthcoming publications.

When the spectral evolution of the frequency conepts defined with the modified

algorithm was considered during the analyses, & maiced that:

» At the first iterations of HHT and mHHT, the specare almost identical,
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« Of the wide-band multi-component signal, the loveqiuency part gets
supressed starting from the second iteration amdathplitude of the high

frequency part starts to dominate;
» After reaching a maximum value, the amplitude stirtdecrease.

Therefore, this observation can be assessed asgagion criterion for sifting. But
the number of frequency components may pose a groblhe component with
maximum amplitude may be continuously changingaaheateration. To prevent this
and further reduce the number of siftings “wav@atket-like” decomposition with
mode selection feature is realized partially.
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APPENDIX A.1 : Analysis Results of HHT — Initial Cycle Data
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APPENDIX A.1
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Figure Al.1: Analysis Results of HHT — Initial Cycle Data.
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Figure Al1l.1 (Continued): Analysis Results of HHT — Initial Cycle Data.
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Figure Al1l.1 (Continued): Analysis Results of HHT — Initial Cycle Data.

75



APPENDIX A.2

x10”
251 — 1. IMF |
—_ —_ ar b
= =
3 8154 .
2 2
G a
= E 1t q
< <<
05+
02 L . L L L . L L 0 AMNJ-‘ u\ . | .
500 1000 1500 2000 2500 3000 3500 4000 u] 1000 2000 3000 4000
Time Index, [n] Frequency, (Hz]
4
N2 x 10
o —— 2 IMF ||
01 5 ]
: 24l |
ER 23l 1
g a
E
£ £ ]
-01
‘] L i
02 1 ! 1 1 1 ! 1 1 0 P sl L L
500 1000 1500 2000 2500 3000 3500 4000 u] 1000 2000 3000 4000
Time Index, [n] Frequency, [Hz]
02 T T T T T T T -
— 3. IMF
01
= =
@ @
S E
a a
= £
= =
-01
02 1 1 1 1 1 1 1 1 1
500 1000 1500 2000 2500 3000 3500 4000 0 500 1000 1500
Time Index, [n] Frequency, [Hz]
n2 . ; . . . ; . : W 107
— 4 IMF Tr — 4. IMF |7
0.1 1 6r 1
= 5L J
Lun)
2 of Tal 1
z B |
= <
01 p 2r B
1 L i
02 L L L L L L L L o] o JllMW'M I huid L
500 1000 1500 2000 2500 3000 3500 4000 0 200 400 E00 00 1000 1200
Time Index, [n] Frequency, [Hz]

Figure A2.1: Analysis Results of Modified HHT — Initial Cycle xa

76



0z T T T T T T

— 5.IMF
01F
=
@
ERN!
2
E
T
01
02 . L L L . L L L
500 1000 1500 2000 2500 3000 3500 4000
Time Index, [n]
02 T . . T : . : T
— 6. IMF
01t A
=
@
ER]
=
E
T
n7F J
nz L L L L L L L L
500 1000 1500 2000 2500 3000 3500 4000
Time Index, [n]
0.2 T T T T T T T T
— 7. IMF
0Ar —

Amplitude, [g]
[a=]

01} —
02 L L L . L L L L
500 1000 1500 2000 2500 3000 3500 4000
Time Index, [n]
02 T T T T T ! . ,
— 8.IMF
0Ar —

Amplitude, [g]
f]

0aF k

-0.2

500 1000 1500 2000 2500 3000 3500 4000
Time Index, [n]

4 ! ! . 4
— 5. IMF
3 L -
=
@
=
R .
a
=
=T
1 L -
0 A MWWMN% le 4
0 200 400 500 300
Frequency, [Hz]
x10°
— 6. IMF
8 L i
=
=&} ]
a1}
=
2
G4t J
=
=T
2 L -
0 L ol et om ek,
0 200 400 500 300
Frequency, [Hz]
aote®
— 7. IMF
8 L -
St 1
€
s
2
B 4r —
=
<
2 L 4
0 . !
0 100 200 300 400 500
Frequency, [Hz]
x10°
15k — & IMF | ]
=
o 1F B
=
2
2
E
< 05F 1
0 L L L
0 100 200 300 400 500

Frequency, [Hz]

Figure A2.1 (Continued): Analysis Results of Modified HHT — Initial Cycle Bza

77



o o
— [
L

Amplitude, [g
=)

Amplitude, [g]
(48]

01r E
02 L 1 1 1 1 1 1 1
500 1000 1500 2000 2500 3000 3500 4000
Time Index, [n]
02 T T T T T : : :
— 10, IMF
01t E

Amplitude, [g]
[

Amplitude, [g]

I N = =]

01} B
N2 L L L L L L L L
500 1000 1500 2000 2500 3000 3500 4000
Time Index, [n]
02 T T T T T . . ,
— 11 IMF
0.1F —

Amplitude, [g]
[

Amplitude, [g]

01F i
032 1 1 L L 1 1 1 1
500 1000 1500 2000 2500 3000 3500 4000
Time Index, [n]
032 T T T T T : : T
—12.IMF
0.1k E

Amplitude, [g]
[

Amplitude, [g]

0 B

-02

500 1000 1500 2000 2500 3000 3500 4000
Time Index, [n]

Is

[~

=]

o

(=T

=

—

o,
=)

50

Frequency, [Hz]

100

)

50

Frequency, [Hz]

100

150

ap

20

a0
Frequency, [Hz]

60

80

Figure A2.1 (Continued): Analysis Results of Modified HHT — Initial Cycle Bza

78



02 T T T T T

01F

Amplitude, [g]
[

01}
09 . . L L . L L L
500 1000 1500 2000 2500 3000 3500 4000
Time Inclex, [n]
02 T T T T T T T T
—14. IMF
01f

Amplitude, [g]
=

01}
02 1 1 1 1 1 1 1 1
500 1000 1500 2000 2500 3000 3500 4000
Time Inchex, [n]
02 T T T T T . . ,
—15.IMF
01f
=
=
ER
=
=
=T
01}
Nz L L L L L L L L
500 1000 1500 2000 2500 3000 3500 4000
Time Indesx, [n]
0.2 T T T . : : : T
— 16 IMF
01f
=
s
=2 0
a
E
I
01}
-02

Time Indesc, [n]

500 1000 1500 2000 2500 3000 3500 4000

21 —13.MF |
— 1.5¢ |
=
@
=
2 1t .
[N
1=
I
05¢ —
0 .
0 10 20 30 40
Frequency, [HZ]
x10°
251
2 L
=
& 15}
2
g 1t
=T
05F
0 L L
0 10 20 30 40
Frequency, [Hz]
—15.IMF |7
= ,
@
el
2 4
=]
E
=T 4
U 1 1
0 10 15 20 25 30

Frequency, [Hz]

Amplitude, [g]

10

15
Frequency, [Hz]

20

25

30

Figure A2.1 (Continued): Analysis Results of Modified HHT — Initial Cycle Bza

79



Amplitude, [q]

Amplitude, [q]

[
P

o

[=]

:
o

'
=
o

02

01F

0aF

-02

500 1000 1500 2000 2500 3000 3500 4000
Time Indesx, [n]

— 18 IMF

500 1000 1500 2000 2500 3000 3500 4000
Time Indesx, [n]

Amplitude, [q]

08¢

0B

04r

02¢

— 17 IMF
0 10 15 20
Frequency, [Hz]
0 10 15 20

Figure A2.1 (Continued): Analysis Results of Modified HHT — Initial Cycle za

80



APPENDIX A.3

Amplitude, [q]

2000 3000 4000

0 1000
Time Index, [n]

A )

0 1000 2000 2000 4000

Time Index, [n]
2 . : . T
— 3 IMF
1 -
S
-
ER |
£
E
L=
N B
3 1 L 1 1
0 1000 2000 3000 4000
Time Index, [n]
15 T T T T
— 4. IMF
'I -
= 05 4
5
= 0 1
a
505 |
1 J
15 L . L L
0 1000 2000 3000 4000

Time Index, [n]

Amplitude, [q]

RN P

AT,
4000

ol L
2000 3000
Frequency, [Hz]

1000

) )
=] [s]
T T

[l
I
T

Amplitude, [g]

02F

1000 2000

Frequency, [Hz]

3000 4000

Amplitude, [g]
_(D [ [
I [52) [=4)

=
b

]

— 3. IMF | |
A IJMJL Ll (P, .

Ll

P
—
=]

EN

1000 1500 2000
Frequency, [Hz]

Amplitude, [g]
(o) [£N) Lo wn Lo

iy

o

=

500 1000 1500 2000
Frequency, [Hz]

Figure A3.1: Analysis Results of HHT — Aged Cycle Data.

81



— 5 MF

05 A
=
%
= 0 1
=
E
I

05 |

_10 1000 2000 3000 4000

Time Index, [n]

=)
)
E 1
a
=
=T
_10 1000 2000 3000 4000
Time Index, [n]
15 T T T :
1 -
= 05 4
<
R M W P T
=
£ 05 1
-1 -
15 1 L 1 1
0 1000 2000 3000 4000
Time Index, [n]
15 T T T T
1 L -
o 05 4
<
R 1
2
£ s .
S B
15 1 L 1 1
u] 1000 2000 3000 4000

Time Index, [n]

Ty —— 5 IMF ||
cI]! ]
a
E
< 05f d
0 1 L
0 200 400 600 300 1000
Frequency, [Hz]
w10
il —— & IMF |
= 08F R
@
R .
£
Zoo4f E
02r 1
O I L L
0 200 400 600 800 1000
Frequency, [Hz]
x10™
2r —— T.IMF |4
=
=
E
=S .
[=%
E
=T
0 i L | L L
0 100 200 300 400 500
Frequency, [Hz]
35
3 i
T 25 ]
=
3?2 ]
f%l 15 B
'I -
05 1
O L 1 L A
u] 100 200 300 400 500

Frequency, [Hz]

Figure A3.1 (Continued): Analysis Results of HHT — Aged Cycle Data.

82



Amplitude, [g]

Amplitude, [g]

Amplitude [g]

Amplitude, [g]

2000 3000 4000

Tirme Index, [n]

[*]

[e=]

0 1000

4000

3000

2000
Tirme Index, [n]

2000 2000 4000

Time Index, [n]

— 12 IMF

2000 2000 4000

Time Index, [n]

0.015¢

=]
[l
T

Amplitude, [q]

0.005¢

— 9.IMF | ]

50

100 150
Frequency, [Hz]

0.015¢

Amplitude, [q]

o
o
T

e

=)

=}

o
T

— 10U IMF |

50

100 150
Frequency, [Hz]

03
— 025
@ 02
015
01

Amplitude [g

005

Amplitude, [g]

20

40 60 80 100
Frequency, [Hz]

— 12 IMF

40 60 80 100
Frequency, [Hz]

Figure A3.1 (Continued): Analysis Results of HHT — Aged Cycle Data.

83



Amplitude, [g]

Amplitude, [g]

— 13 IMF
5 L |
=
@
Z o 1
2
E
P
5F J
10 L L L .
0 1000 2000 3000 4000
Time Index, [n]
=
<
=
2
G
E
=
5 1 1 1 L
0 1000 2000 3000 4000

Time Index, [n]

0 1000 2000 3000 4000
Time Index, [n]

0 1000 2000 3000 4000
Time Index, [n]

156 13 MF |
=
o 1 R
=)
=
=
£
<05t -
0 1 L L .
0 10 20 30 40 50 60
Frequency, [Hz)
06 — 14 IMF |
05r E
=
o 04r ]
ES
= 03f R
[N
£
=L 02+ 4
01F R
0 1 1 L L L
0 10 20 30 40 50 B0
Freguency, [Hz]
— 15 IMF
05l (s wF]]
= 04r B
€T
g 03F 4
g
Z 02r E
0.1F E
0 1 | L L
0 5 10 15 20 25 30
Frequency, [Hz]
—16. IMF
=
€T
el -
=
a
£
=1
0 5 10 15 20 25 20

Frequency, [Hz]

Figure A3.1 (Continued): Analysis Results of HHT — Aged Cycle Data.

84



Amplitude, [g]
[

05k

Amplitude, [g]
o

05+

1000 2000 3000 4000

Time Index, [n]
— 18 IMF
1000 2000 3000 4000

Time Index, [n]

Figure A3.1 (Continued): Analysis Results of HHT — Aged Cycle Data.

85

Amplitude, [g]

o o
o o~
T T

05

o o O
b Lo s
T T T

01k

035+

0BF

04t

02F

— 17 IMF |
5 10 15 20 25 30
Freguency, [Hz]
5 10 15 20 25 30



APPENDIX A.4

iy

=
o

'
o
w

Amplitude, [g]
]

'
.

'
L
o

o

1000

2000 2000

Time Index, [n]

Amplitude, [ag]

0 1000

2000 2000 4000

Time Index, [n]

Amplitude, [g]

0 1000

2000 3000 4000

Time Index, [n]

Amplitude, [g]

0 1000

2000 3000 4000

Time Index, [n]

Amplitude, [g]

Amplitude, [g]

Amplitude, [g]

Amplitude, [g]

I

5]

[~

0.8

[
=]

=
T

=
P

'0 -

WDy R oL ¥
2000 3000
Frequency, [Hz]

] 1000

] 1000 2000

Frequency, [Hz]

3000 4000

W, PR L IIRT L)
1000 1500 2000
Frequency, [Hz]

0 500 2500 3000

I — 4 IMF ||

et
0 500

1500
Frequency, [Hz]

1000 2000 2500 3000

Figure A4.1: Analysis Results of Modified HHT — Aged Cycle Data.

86



Amplitude, [g]

Amplitude, [g]

Amplitude, [g]

Amplitude, [g]

04

1000 2000 2000 4000

Time Index, [n]

_0'40 1000 2000 3000 4000
Time Index, [n]
02 T T T T
— 7 IMF
01 q
0 -
-0.1 E
02 L 1 1 !
0 1000 2000 3000 4000
Time Index, [n]
02 T T T T
— 8 IMF
01p R
0 -
-01F g
02 L 1 1 !
0 1000 2000 3000 4000

Time Index, [n]

Amplitude, [g]

Amplitude, [g]

500 1000 1500
Frequency, [Hz]

%107
6 —— 7 IMF |
5 L -
2yl _
a1}
=
Z 3t 1
[=R
£
Z 3} |
1 L i
0 I Il Janby b
0 200 400 600 800 1000
Frequency, [Hz]
x10°
55y — & IMF ||
3 L -
T 25¢ i
-
R 1
15} ,
< 4l ]
05t .
0 I i At Ap n
0 200 400 600 800 1000

Frequency, [Hz]

Figure A4.1 (Continued): Analysis Results of Modified HHT — Aged Cycle Data.

87



Amplitude, [q]

Amplitude, [a]

Amplitude, [q]

Amplitude, [q]

0.1 T T T T
— 9. IMF
0.05 R
O 4
0051 E
01 1 L 1 L
0 1000 2000 3000 4000
Time Indesx, [n]
01 T T . :
—10.IMF
005 R
O 4
-005¢ E
01 1 ! 1 !
0 1000 2000 3000 4000
Time Index, [n]
0.06 T . . :
— 11 IMF
004 E
002 E
O -
002 E
-004r E
= 060 1000 2000 3000 4000
Time Index, [n]
005 T T T :
— 12 IMF
O -
= 050 1000 2000 3000 4000

Time Index, [n]

2t — 9. IMF | ]
= 15¢ |
ar
=
=
s Ir 7
1=
=T
05 R
0 . . L A
0 100 200 300 400 500
Frequency, [Hz]
x10°
12 —— 10 IMF | |
‘] L |
ﬁ_ 08&r E
k)
=
2 06 R
=%
o4t |
02r E
0 | L .
0 100 200 300 400 500
Frequency, [Hz]
w10®
—11.IMF
8 L -
2t i
@
pe
=
g 4t ]
£
=T
2 L -
0 L 1 1
0 50 100 150 200 250 300
Frequency, [Hz]
w107
e —— 12 IMF ||
g 4 f
o
=
=2
=
E 05t E
0 I 1 L L
0 50 100 150 200 250 300

Frequency, [Hz]

Figure A4.1 (Continued): Analysis Results of Modified HHT — Aged Cycle Data.

88



Amplitude, [g]
o

-n.oz

-0.04

0oz

Amplitude, [g]
o

o
o]
()

-0.04

0.015
0m

0.005
-0.005

-0.01

-0.015

Figure A4.1 (Continued): Analysis Results of Modified

Amplitude, [g]
[

1000 2000 2000 4000
Time Indesx, [n]

=1

— 14 IMF

0 1000 2000 3000 4000
Time Index, [n]

Amplitude, [g]
[

0 1000 2000 3000 4000
Time Inclex, [n]

0 1000 2000 3000 4000
Time Index, [n]

89

3]

Amplitude, [g]

05

Amplitude [g]

oW s -

=

—
LS

Amplitude, [g]

05

Amplitude, [g]

X107

— 13 IMF
0 20 40 80 80
Frequency, [Hz)
x10°
I —— 14 IMF ||
0 20 40 60 80
Frequency, [Hz)
%10
F — 15.IMF |1
a 10 20 30 40
Frequency, [Hz]
w10
—16. IMF
] 10 20 30 40

Frequency, [Hz]

HHT — Aged Cycle Data.



002 35 T . . . :
— 17 IMF
3 L o
0.01 b 250 |
= =<
@ [ R 4
ER 1 E
a @ 15¢ R
£ =
s < 4L ]
-001 4
05r q
002 1 1 1 L 0 1 1 1
0 1000 2000 3000 4000 0 5 10 15 20 25 a0
Time Index, [n] Freguency, [Hz]
5
0015 107 . . .
—18.IMF
0.01 15 7
= 0005 =
z @
ER: ER ]
= a
E =
= -0.005
05 .
-001
v 0150 1000 2000 2000 4000 b 15 20 25 30
Time Index, [n] Frequency, [Hz]
5
10
0.01 I5E : : : : : .
—19. IMF
0.005 r 1
k=2 k=2
) @ 15F i
SR g
3 g 1t 1
= =
= <«
-0.005
05 E
-0.01 I 1 1 . 8] . i . .
0 1000 2000 3000 4000 ] 5 10 15 20 25 30
Time Index, [n] Frequency, [Hz]
0.05 T . .
0.04+ E
= 0.03F E =
g} @O
ERl . ES
= =
£ oot 1 £
0 L -
-0.01 v L L L
0 1000 2000 3000 4000 0 5 10 15 20 25 30
Time Index, [n] Frequency, [HZ]

Figure A4.1 (Continued): Analysis Results of Modified HHT — Aged Cycle Data.

90



91






CURRICULUM VITA

Candidate’s full name: ~ Ahmet Oztilirk
Place and date of birth:  Bulgaria, 27.12.1974

Permanent Address: Ugur Mumcu Mah. 2305 Sk. 14/2, 34265, Sultangazi,
Istanbul, Turkey

Universities and
Colleges attended: Istanbul Technical University

Publications:

= A. Oztirk, M. Afacan, 2011. “On the Evolution of Safety Coptand Safety
Management System of Turkish Airlined”]. National Aeronautical and Aerospace
Engineering Congres&skisehir, Turkey.

= A. Oztirk, S.Seker, 2010. “On The Frequency Resolution of ImpdoEenpirical
Mode Decomposition Method”, International Reviewkdéctrical Engineering, Vol.
5 N. 4-- Part B, p.1798-1805.

= E. Ayaz,A. Oztirk, S.Seker, 2009. Fault Detection Based on Continuouséléav
Transform and Sensor Fusion in Electric Motors. @einVol. 28, No. 2, p. 454-
470.

= K. Cigizoglu, A. Oztiirk, 2007. “Artificial Neural Network Models In Rainfal
Runoff Modeling Of Turkish Rivers”International River Basin Management
CongressAntalya, Turkey.

» K. Cigizoglu, S. Tolun, A. Ozturk, 2003. “Evolutionary Artificial Neural
Networks in Hydrological Forecasting?}orld Water and Environmental Resources
CongressPhiladelphia, USA.

= A. Oztiirk, 2002. “Real Coded Genetic Algorithms in Optimipati, MSc Thesis,
Institute of Science and Technology, Istanbul TexddrUniversity.

= A. Ozturk, 1999. “Slope and Depth Perception Through Digditahgery”, BSc
Thesis, Aeronautics and Astronautics Faculty, i echnical University.

93



